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R.M. Darbra, E. Eljarrat, D. Barcelo´Environmental risk assessment is an essential element in any decision-making
process in order to minimize the effects of human activities on the enviro-
nment. Unfortunately, often environmental data tends to be vague and
imprecise, so uncertainty is associated with any study related with these kind
of data.
Essentially, uncertainty in risk assessment may have two origins – rand-
omness and incompleteness. There are two main ways to deal with these
uncertainties – probability theory and fuzzy logic.
Probability theory is based on a stochastic approach, using probability
functions to describe random variability in environmental parameters.
Fuzzy logic uses membership functions and linguistic parameters to
express vagueness in environmental issues.
We discuss the best way to deal with uncertainties in the environmental
field and give examples of probabilistic and fuzzy-logic approaches applied
to environmental risk assessment.
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The growing concern about the environ-
ment and the potential risks associatedwith
many human activities and new technolo-
gies have created increasing interest in
environmental risk assessment, which is a
critical, essential part of any decision-
making process. It offers sound bases for
assessing and ranking potential pollution of
the environment, so the evaluation of
environmental risk due to anthropic activ-
ities is an important step in mitigating their
impact on natural resources and in recre-
ating the co-evolutionary process between
human and natural components of the
environment [1].
Decision makers of ecological policy and
management require sound scientific
information on the environmental risk
associated with many different activities
in order to arrive at and to justify
their decisions [2], so there is a need to
evaluate all potential risks that can causeElsevier Ltd. All rights reserved. doi:10.1016/j.trac.2008.02.005environmental damage. The results of this
environmental risk assessment should be
communicated to the decision makers and
regulators in a common, sound language
to allow them to take the most appropriate
decisions.
Estimating risk involves identifying the
events that present hazards and produce
risk, communicating the magnitude of
the consequences associated with these
events, and estimating the likelihood of a
given risk [3]. However, this process is not
so straightforward as one might imagine.
For a complete environmental risk assess-
ment, a great amount of data is required.
In some cases, extensive statistical data
may be available and can contribute to an
understanding of the frequency and the
severity of the hazard. However, it is very
common that environmental data is
qualitative, vague or imprecise, especially
in the case of newly emerging contami-
nants.
As stated by Uricchio et al. [4], incom-
plete information is notoriously common
in environmental issues. This imprecision
of the environmental data, together with
the randomness of the events and the role
that human judgment plays in determin-
ing the risk and communicating its sig-
nificance, means that there is uncertainty
associated with risk assessment.
The proper management of this uncer-
tainty has become a major concern in
studies of environmental risk assessment
[5]. In response, research is under way to
explore techniques that can incorporate
uncertainty and imprecision into the
assessment process [3].
It has been found from the literature
review that stochastic and fuzzy-set
techniques have been commonly used to
accommodate uncertainties associated
with risk-modeling inputs and outputs.
Stochastic techniques may be known as a377
Trends Trends in Analytical Chemistry, Vol. 27, No. 4, 2008‘‘scientific reasoning model’’, based on probability
theory, and the fuzzy-set techniques may be known as a
‘‘human reasoning model’’, based on linguistic param-
eters and qualitative assessment.
In this article, we discuss the suitability of both
methodologies to deal with uncertainty, and provide
applications of these approaches to environmental risk
assessment.2. Risk assessment and risk management
According to Varnes [6], risk is generally defined as the
combination of hazard and vulnerability; hazard repre-
sents the probability that a potentially detrimental event
of given characteristics occurs in a given area, for a time
period; vulnerability is the degree of intrinsic weakness
of the system.
Risk can be measured by pairing the probability of
occurrence of an event, and the outcomes or conse-
quences associated with that occurrence. This pairing is
not a mathematical operation, a scalar or vector quan-
tity, but a matching of the probability of the event
occurring with the expected consequence [7].
Risk assessment can be defined as the process of esti-
mating the possibility that a particular event may occur
under a given set of circumstances [2]. But risk man-
agement is the process whereby decisions are made about
whether an assessed risk needs to be managed, and the
means for accomplishing that management, for the
protection of public health and environmental resources
[8].
Risk assessment could be considered as the most
important step in the risk-management process (i.e.
decision-making process). It provides a scientific, sound
basis for making decisions. Managing risks should
involve making decisions based on the information
collected in risk assessment. However, it is important to1. Establish the context
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378 http://www.elsevier.com/locate/tracremember that the final decision of how to manage risk
is generally human in nature. This means that, apart
from the results gathered in the risk assessment, social
and cultural values, economic realities and political
factors are borne in mind. According to Barnthouse [9],
the role of science in risk assessment is to ensure that the
actions implemented by environmental managers
achieve the goal and the objectives defined by society.
Fig. 1 presents the steps in environmental risk man-
agement. The first step is to establish the context in
which environmental risk is assessed (e.g., river water or
groundwater). After this, it is necessary to identify the
potential sources of environmental risk (e.g., releases of
chemical products into a river). At the third step, pre-
dictions of the frequency and the consequences of the
event are required. There are different techniques to
assess these parameters [10,11] (e.g., event trees, his-
torical analysis and HAZOP). From these results, a risk
categorization and a final risk assessment of the situation
can be obtained. Steps 1–4 provide the basis for the rest
of the process of risk management, known as risk
assessment. Once the risk assessment has been con-
ducted, an environmental risk plan has to be developed
in order to establish targets, means and timeframe to
reduce the risk that has been identified and assessed.
After this, the plan must be implemented and finally
reviewed to check that it works properly.
Despite the unquestionable appropriateness of risk
assessment as a tool to help in the decision-making
process, it can be the part of the whole risk-management
process that is most difficult and prone to error, mainly
because uncertainty in the measurements of hazard and
vulnerability is often large. Insight about risks is limited
by the randomness inherent in nature and the lack of
sufficient information about the chances of a risk
occurring and the potential consequences of such an
occurrence. As a result, uncertainty is inherent in risk
assessment [12,13]. (e.g. river)
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in the scientific community about the usefulness of
risk assessment as an appropriate tool for attaining a
reasonable compromise between a sound scientific
approach and the need for simple, transparent and
pragmatic decision-making instruments [2]. However, in
order to make the best decision, the existence of uncer-
tainty in risk assessment needs to be borne in mind.3. Dealing with the uncertainty
Uncertainty can be described as a lack of knowledge
regarding the true value of a parameter [14]. This
concept often appears in modeling environmental
systems, particularly in uncertainty concerning the
data and the relations between the system components
[15].
As risk assessments have become important aids in the
decision-making process for the management of sources
of contamination, uncertainty with respect to the values
of model parameters is of primary importance [16].
Essentially, there are two sources of uncertainty
affecting parameters in risk assessments:
(1) randomness (due to variability of phenomena, or
because all factors affecting the system being stud-
ied cannot be modeled); and,
(2) incompleteness (when there is simply a lack of
information regarding parameter values).
The ideal way to address uncertainty due to ran-
domness is to collect data and perform a statistical
analysis. When information is incomplete or statistical
data are not available, human experts can supply
information on parameter values [16].
It is therefore possible to classify the uncertainties
associated with risk in two broad categories [17,7]:
(1) stochastic (due to the randomness); and,
(2) cognitive (due to the vagueness of experts judg-
ments).
To accommodate these kinds of uncertainty, there are
two main techniques:
(1) probability theory (for stochastic uncertainties);
and,
(2) possibilistic theory (i.e. fuzzy logic) for cognitive
uncertainties.
In the probabilistic approach, probability distributions
are used to describe random variability in parameters.
However, in the possibilistic or fuzzy-set approach,
membership functions are used to characterize vague-
ness in human thought. The rationales behind these two
approaches for dealing with uncertainty are different
[18]. The probabilistic approach is widely used when
sufficient information is available for estimating the
probability distributions of uncertain parameters, while
the fuzzy-set method is well suited to dealing with
uncertainties when little information is known (i.e.imprecise knowledge associated with human-language
descriptions) [19].3.1. Probability theory
Traditionally, probability theory was one of the method-
ologies used most in risk assessment. Probabilistic risk
assessment (PRA) is the general term for risk assessment
that uses theory and models to represent the likelihood of
different risk levels in a population (i.e. variability) or to
characterize the uncertainty in risk estimates [20–23].
Assuming all uncertainty is due to randomness, PRA uses
probability distributions for one ormore variables in a risk
equation in order to quantify variability and/or uncer-
tainty in the outcome. The output of a PRA is a probability
distribution of risk that reflects the combination of the
input probability distributions.
Among various probabilistic techniques to quantify
uncertainties, the most widely used approach has been
Monte-Carlo analysis (MCA) [24]. MCA is a probabilistic
method that uses computer simulation to combine
multiple probability distributions in a risk equation. It
uses repeated executions of a numerical model [25].
MCA, which applies probability theory to address
model-parameter uncertainty, relies on statistical repre-
sentation of available information. It assumes that the
model parameters are random variables that can be
represented by probability-density functions (PDFs). If X
is considered as a random variable, and the probabilities
(P) that X should be less than or equal to values x of X
are known, PDF F(x) can be defined as [16,26]:
FðxÞ ¼ PðX 6 xÞ ð1Þ
If variable X is continuous (i.e. it can take any value
within a defined range), PDF f(x) can be defined as:
f ðxÞ ¼ dFðxÞ=dx ð2Þ
When detailed information about the situation and
environmental data are available and statistics can be
performed, then probability theory is an excellent tool to
assess risk and to quantify uncertainty. However, a
serious shortcoming of this method is that it is not
capable of coming to grips with the pervasive fuzziness of
information in the knowledge base, and, as a result, is
mostly ad hoc in nature [27].
3.2. Fuzzy logic
Fuzzy-logic systems provide an alternative to classical
logic and have their origins in ancient Greek philosophy
[28]. But, it was not until the mid-1960s that the notion
of a multi-valued logic took hold, when Zadeh [29]
published his seminal work ‘‘Fuzzy Sets’’ in order to
provide a model for inexact concepts and subjective
judgments similar to those encountered in risk assess-
ment.
Fuzzy logic represents a significant change in both
the approach to and the outcome of environmentalhttp://www.elsevier.com/locate/trac 379
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how they reflect the humanmind in its remarkable ability
to store and to process information that is consistently
imprecise, uncertain, and resistant to classification [30].
Fuzzy logic has the power to handle the concept of
‘‘partial truth’’ to quantify uncertainties associated with
linguistic variables [31]. It can define a ‘‘degree of
membership’’ of an element in a set by means of a
membership function. For classical or ‘‘crisp’’ sets, the
membership function takes one of only two values: 0
(non-membership) and 1 (membership). In fuzzy-logic
sets, the membership function can take any value in the
interval [0,1]. The value 0 represents complete non-
membership, the value 1 represents complete member-
ship, and values in between are used to represent partial
membership [32,33].
For the types of complex, imprecise problems that arise
in environmental policy, the ability to model complex
behaviors as a collection of simple ‘‘if–then’’ rules makes
fuzzy logic a useful tool in risk assessment [30]. It is also
useful when making decisions, since communication of
risk-assessment results in linguistic terms leads to an
approach understandable to the decision makers and the
public.
Fuzzy-logic set theory provides a way to use imprecise,
uncertain information generated by the system and
human judgments in a precise way [15]. When the
environmental data available does not provide proper
statistical treatment, fuzzy arithmetic can solve this
problem, since it works well for addressing poorly char-
acterized parameters and linguistic variables. Fuzzy logic
also can merge different kinds of parameters (e.g., envi-
ronmental and health, and quantitative and qualitative).
However, fuzzy logic has at least has two limitations:
 strong reliance on subjective inputs; and,
 it can fail to capture the ranges of values in complex
data sets and the correlations among the parameters
[34].
3.3. Fuzzy logic versus probability
Traditionally, researchers used probability theory, espe-
cially MCA, to evaluate uncertainty and variability in
risk assessment [14,35,36]. It was assumed that proba-
bility theory provided necessary and sufficient tools for
dealing with uncertainty and variability. Environmental
information was interpreted in a probabilistic sense and
probability theory was used to integrate the data into
mathematical models.
Probability theory is a very strong and well-estab-
lished mathematical tool to treat variability. It has
certain input requirements and, whenever these
requirements are met, probability theory will provide
powerful results. When uncertainty is considered to be
exclusively a result of randomness, probability theory
and statistics are adequate to deal with such uncer-
tainty. However, it is clear that not all uncertainties in380 http://www.elsevier.com/locate/tracdata or model parameters are random, so they cannot be
treated by statistical approaches alone [24].
According to Lein [3], when attempting to model the
behavior of environmental processes, analysis often
suffers from a lack of data or imperfect knowledge about
processes that frustrates rigorous probabilistic study. As
a result, the direct application of environmental risk
analysis via Monte-Carlo simulation methods may lead
to two potential shortcomings:
(1) first, risk analysis using Monte-Carlo outputs re-
quires that distributions of input parameters should
be precisely specified; and,
(2) second, researchers mostly assume that input
parameters are independent of one another even
though they are obviously not.
Although methods to simulate correlations among
parameters exist, they are not detailed enough for fur-
ther risk quantification, especially when the dependen-
cies are not well known. As a result, uncertainties still
exist in the Monte-Carlo simulation outputs [19].
Moreover, in applications, risk analysis often suffers
from lack of data or presence of sparse, imperfect, and
heuristic information about the processes and the pro-
cess parameters [3,37], so, in such cases, it is question-
able if realistic probability distributions can be assigned
to the parameters of the environmental risk model.
When sufficient data are not available to assign PDFs to
the parameters of the risk equation, it may be more
reasonable to characterize these parameters by other
means, such as fuzzy-logic numbers [24].
In contrast to PDFs, fuzzy-logic membership functions
express the possibility of an outcome rather than the
likelihood of an outcome. In a probabilistic approach, we
model uncertainty by expressing our belief that an event
either occurs or does not. But with fuzzy logic, we model
uncertainty as the degree of membership in the set that
defines an outcome [30]. The main breakthrough of
fuzzy-logic interference compared with traditional
mathematical models lies in the fact that relationship
between inputs and outputs is not determined by com-
plex equations, but by a set of logical rules, reflecting an
experts knowledge [38].
After such a discussion about the suitability of the
probabilistic and possibilistic approach, one could think
about the diversity of environmental parameters (e.g.,
units and typology) involved in any risk assessment.
Then, one might consider it more realistic to assign
probability distributions to certain parameters, while
others would be represented by fuzzy-logic numbers. In
this way, the manner in which parameter uncertainty is
described in the model can be more consistent with the
basic nature of the information at hand [26].
This new approach has lead to use fuzzy-logic set
theory in combination with probabilistic methods to
generate hybrid approaches for risk-assessment studies
[16,24,26,39]. Some authors, such as Blair et al. [7],
Trends in Analytical Chemistry, Vol. 27, No. 4, 2008 Trendsbelieve that uncertainty manipulation through individ-
ual approaches may not be feasible in real-world situa-
tions when different information qualities exist for
various parameters.
In practice, certain model parameters may be reason-
ably represented by probability distributions, because
there are sufficient data available to substantiate such
distributions by statistical analysis, while others are better
represented by fuzzy-logic numbers (due to data scarcity).
The main advantage of the hybrid approach is that it
takes advantage of the ‘‘rich’’ information provided by
probability distributions. While retaining the conserva-
tive character of fuzzy-logic calculus, it is believed to hold
value in terms of a ‘‘reasonable’’ application of the pre-
cautionary principle. In addition, it clearly distinguishes
between the case where the precise value of a parameter
is unknown because of its statistical variability, and the
case where it is unknown due to a simple lack of ob-
served data. The potential apparent drawbacks are that
it may deliver poorly informative results in some situa-
tions [16] and there may also be the difficulty of joining
both methodologies in one system that can identify
without error the different types of variables.4. Environmental risk applications
Although risk assessment has been a very common sub-
ject of discussion for many years, applications to the
environmental field are quite recent. Traditionally, the
probabilistic approach was the most used in risk assess-
ment and considered appropriate to deal with the uncer-
tainties of risk. But, when some experts realized that
probabilistic models could fail to provide satisfactory
descriptions of phenomena, applications of fuzzy logic
started to be more common [3]. Recently, some
researchers have explored the possibility of carrying out
environmental risk assessment by combining two differ-
ent modes of representation of uncertainty (i.e. probabi-
listic and possibilistic theories) in a single computational
procedure, known as the ‘‘hybrid approach’’. We give
examples of these three approaches to the field of envi-
ronmental risk assessment (see also Table 1).
4.1. Probabilistic applications
For groundwater risk assessment, a methodology to
predict health risks to individuals from contaminated
groundwater using probabilistic techniques was devel-
oped by Maxwell et al. in 1999 [20]. This approach
incorporated the elements of uncertainty and variability
in geological heterogeneity, physiological exposure
parameters, and cancer potency. A two-dimensional
distribution (or surface) of human-health risk was gen-
erated as a result of the simulations.
In 2002, Passarella et al. [40] developed an approach
to assess the risk of groundwater-quality degradationwith regard to fixed standards, based on a probabilistic
methodology, Disjunctive Kriging (DK), which allowed
one to evaluate the conditional probability (CP) of
overriding a given threshold of concentration of a
pollutant at a given time, and at a generic point in a
groundwater system. The result of such investigation
over the area being considered was plotted in the form of
maps of spatial risk.
For waste-risk assessment, we present three applica-
tions. First, Batchelor et al. [41] developed a procedure to
apply a stochastic risk-assessment model to sites con-
taminated by hazardous waste. Such a model was
developed for a site contaminated with polychlorinated
biphenyls (PCBs) by representing the parameters used in
the risk assessment as PDFs rather than single values.
Second, in 1999, Draper et al. [42] applied probability
theory in risk assessments related to the underground
disposal of nuclear waste. Six variables were required for
such risk assessment (i.e. past data, future observables,
scenario, and structural, parametric and predictive
uncertainties). The risk model was applied to nuclear
waste disposal using a computer simulation environ-
ment – GTMCHEM – which ‘‘deterministically’’ modeled
the one-dimensional migration of radionuclides through
the geosphere up to the biosphere.
Third, the risk generated by a municipal waste incin-
erator was assessed by Schumacher et al. [14] using
Monte-Carlo simulation techniques. The incremental
lifetime risks for the residents living in the surroundings
of a municipal solid-waste incinerator (MSWI) were as-
sessed. Using probabilistic techniques, two different
pathways of exposure to polychlorinated dibenzo-p-
dioxins and dibenzofurans (PCDD/Fs) were assessed and
compared – ingestion through the diet and exposure
from the emissions of the MSWI.
In the case of polluted sites, Labieniec et al. [43] used
PDFs to address uncertainty in estimating the risk of
human exposure due to the presence of contaminated
land. They evaluated the uncertainty in predicted car-
cinogenic risk resulting from uncertainty in site proper-
ties and fate and transport predictions for a simple site
with contaminated soil.
Ma [22] presented a methodology for incorporating
uncertainty and variability into a multi-medium, multi-
pathway, multi-contaminant risk assessment, and for
placing this assessment into an optimization framework
to identify optimal management strategies. The frame-
work was applied to a case study of a sludge-manage-
ment system proposed for North Carolina and the impact
of stochasticity on selection of an optimal strategy was
considered.
4.2. Fuzzy applications
Again for groundwater-risk assessment, we highlight
two works. First, Dahab et al. [44] introduced a
rule-based fuzzy-set approach to risk analysis ofhttp://www.elsevier.com/locate/trac 381
Table 1. Applications of environmental risk
Environmental field Method used Application Ref.
Groundwater Probabilistic techniques creating two-dimensional
distributions
Assessment of risk to health of individuals from
contaminated groundwater
[21]
Groundwater Probabilistic methodology based on Disjunctive
Kriging
Maps of spatial risk concerning groundwater-
quality degradation
[40]
Waste Probability-distribution functions Risk assessment of sites contaminated with PCBs [41]
Nuclear waste Probability theory Risk assessment of underground disposal of
nuclear waste.
[42]
Municipal waste Monte-Carlo simulation techniques Risk assessment of a municipal waste incinerator [14]
Polluted site Probability-distribution function Risk of human exposure due to contaminated land [43]
Sludge Stochastic model incorporating uncertainty and
variability
Identification of optimal sludge-management
strategies
[22]
Groundwater A rule-based fuzzy-set approach Risk analysis of nitrate-contaminated water to
assess risk to human health
[44]
Groundwater Decision support system based on fuzzy logic Evaluation of the groundwater-pollution risk [4]
River-water quality Fuzzy logic and arithmetic Risk assessment of water quality in the Ganges
River, India
[30]
Polluted site Fuzzy logic A model to assess the risk from a contaminated
site to the environment, in particular, human
health
[45]
Polluted site Fuzzy logic Evaluation of the risks that polluted sites might
pose to human health
[33]
Soil Fuzzy logic Realistic approach to decision making for risk-
based soil interpretations
[46]
Agriculture Fuzzy expert system Development of ‘‘Ipest’’ index to assess potential
risk of pesticides for the environment
[32]
Hazardous waste facilities Fuzzy reasoning Geographic expression of the concept ‘‘safe
distance’’ applied to hazardous-facility siting
[3]
Ecotoxic substances releases Fuzzy logic Methodology to assess risk of release of ecotoxic
substances in chemical plants
[47]
Aquatic organisms Fuzzy logic Risk assessment for aquatic organisms exposed to
brominated flame retardants (BFRs)
[48]
Groundwater Hybrid-fuzzy stochastic model Risk assessment of a petroleum-contaminated
groundwater system in Canada
[39]
Groundwater Integrated fuzzy-stochastic approach Risk assessment of groundwater contaminated by
xylene
[19]
River-water quality Monte-Carlo and fuzzy approaches combined Risk assessment for river-water-quality
management in Bhadra River (Southern India)
[49]
Water quality Probabilistic-fuzzy method Health-risk analysis due to exposure to
contaminated waters
[24,50]
Soil Monte-Carlo approach combined with fuzzy
calculus
Risk assessment for human exposure to cadmium
present in surface soils in the north of France
[16]
Trends Trends in Analytical Chemistry, Vol. 27, No. 4, 2008nitrate-contaminated groundwater. A nitrate-risk-
assessment methodology was developed to assist decision
makers in estimating human-health risks corresponding
to a particular nitrate dose to humans and in deter-
mining whether regulatory action needed to be taken to
reduce the health risks. The uncertainty associated with
assessing health risks of nitrate and its impact on results
were represented using a fuzzy-set approach and incor-
porated into the nitrate-risk-assessment methodology.
Second, Uricchio et al. [4] proposed a decision-support
system, based on fuzzy logic, for groundwater-pollution-
risk evaluation. This tool was conceived as a useful
planning tool for decision makers involved in the man-
agement of sustainable use of natural resources.
In the water quality of rivers, McKone and Deshpande
[30] considered how fuzzy logic and fuzzy arithmetic
could be applied to risk assessment and environmental382 http://www.elsevier.com/locate/tracpolicy. They then presented a case study on risk assess-
ment of water quality in the Ganges River in India.
The evaluation of the risk of polluted sites through
fuzzy logic was studied by Lehn and Temme [45]. A
model to assess the risk of a contaminated site for the
environment, in particular human health, was devel-
oped. This estimation of the risk served as a basis for a
decision-making tool (i.e. whether further steps with
respect to that site needed to be taken). The information
obtained from sites suspected of being contaminated was
incomplete, uncertain or vague. For this reason, the use
of fuzzy logic was appropriate in this model.
In 1999, Mohamed and Coˆte´ [33] also published a
paper on risk assessment of contaminated sites. They
developed a decision-analysis-based model to evaluate
the risks that polluted sites might pose to human health.
Quantitative estimates of risks were calculated for both
Trends in Analytical Chemistry, Vol. 27, No. 4, 2008 Trendscarcinogenic and non-carcinogenic pollutants. Concepts
of fuzzy-set theory were adopted to account for uncer-
tainty in the input parameters (heterogeneity of soil and
sediments), which were represented by fuzzy numbers.
For soils, Mays et al. [46] presented a methodology to
demonstrate how fuzzy soil interpretations provided a
realistic approach to decision-making for risk-based soil
interpretations. According to him, fuzzy logic was a tool
that could be used to characterize uncertainty in soil
information so that a risk-based method of soil inter-
pretations could be implied. Map units from a soil survey
were used to demonstrate the appropriateness of soil for
septic tank filter fields and tillage.
For agriculture, Van der Werf and Zimmer [32] pro-
posed a fuzzy expert system to calculate an indicator,
‘‘Ipest’’, which reflects an expert perception of the
potential risk of environmental impact of the application
of a pesticide in a field crop. This impact was calculated
through the analysis of the risk of three major
compartments (i.e. groundwater, surface water and air).
In 1992, Lein [3] calculated the environmental risk
from a hazardous waste facility using fuzzy logic.
According to him, fuzzy logic was a very useful tool to
assess the risk and performance of high-level radioactive
waste repositories. The aim of the study was to produce a
geographic expression of the concept ‘‘safe distance’’
using fuzzy reasoning when applied to the problem of
siting a hazardous facility.
For releases of ecotoxic substances in chemical plants,
Darbra et al. [47] presented a fuzzy-logic methodology to
assess the risk of such releases. This method was based on
the assessment of three macrovariables (i.e. the hazard-
ousness of the substance, the vulnerability of the site and
the level of preventive and protective measures). With
this information, it was possible to obtain a final assess-
ment of the risk of ecotoxic substances released from the
chemical plants in the Piedmont Region of Italy.
The risk of brominated flame retardants (BFRs) on
aquatic organisms was also studied by Darbra et al. [48].
These substances are considered dangerous pollutants
because of their toxicity, stability and high liposolubility.
They can therefore bioaccumulate and biomagnificate
along the food chain, so they are often detected in
aquatic organisms. The model presented in this paper
was a preliminary risk-assessment tool able to support
decision making for the management of releases of
lipophilic substances in rivers.
4.3. Hybrid applications
There are also some hybrid applications to groundwater-
risk assessment. Chen et al. [39] developed a hybrid
fuzzy-stochastic risk assessment (FUSRA) approach for
examining uncertainties associated with both source and
media conditions and evaluation criteria in a ground-
water-quality-management system. It was applied to a
petroleum-contaminated groundwater system in wes-tern Canada. Fuzzy and stochastic inputs were combined
to assess the potential risk of exposure that could affect
human health.
Recently, Li et al. [19] developed an integrated fuzzy-
stochastic risk-assessment (IFSRA) approach to assess the
risk associated with groundwater contamination by
xylene. This model systematically quantified both
probabilistic and fuzzy uncertainties associated with site
conditions, environmental guidelines, and health-
impact criteria. The contaminant concentrations in
groundwater predicted from a numerical model were
associated with probabilistic uncertainties due to the
randomness in modeling-input parameters, whereas the
consequences of contaminant concentrations violating
relevant environmental quality guidelines and health
evaluation criteria were linked with fuzzy uncertainties.
For water quality, Vemula et al. [49] presented a
methodology for evaluation of risk for a river-water-
quality management. Monte-Carlo and fuzzy-logic
approaches were used to treat the variables. Depending
on the nature of each of the parameters involved in the
risk assessment, one or both approaches were used to
deal with uncertainty. The proposed methodology was
demonstrated through a case study of Tunga-Bhadra
River in southern India.
In 2004 and 2005, Kentel and Aral [24,50], proposed
the use of fuzzy-set theory together with probability
theory to incorporate uncertainties into the health-risk
analysis due to exposure to contaminated waters. This
approach was called probabilistic-fuzzy risk assessment
(PFRA). Based on the form of available information, a
combination of fuzzy-set and probability theories were
used to incorporate parameter uncertainty and vari-
ability into mechanistic risk-assessment models.
Finally, for soil, Guyonnet et al. [16] proposed an
approach combining Monte-Carlo random sampling of
PDFs with fuzzy calculus. The approach was applied to a
real case of estimating human exposure, via vegetable
consumption, to cadmium present in the surface soils of
an industrial site located in the north of France.5. Conclusions and future outlook
When talking about environmental risk assessment,
uncertainty cannot be left out as a parameter. It is
inherent to any environmental system and it has two
main origins – lack of environmental data, or random-
ness and variability of the system. Bearing this in mind,
environmental parameters involved in risk assessment
should be defined. However, they do not all have the
same behavior and uncertainties associated with them.
There exist two main ways to deal with this uncer-
tainty – probability theory or fuzzy logic. Applications of
both approaches can be found in the literature, and even
a combination of the two techniques is starting to attracthttp://www.elsevier.com/locate/trac 383
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nature of the parameters, because some of the parame-
ters are best suited to involve PDFs, while others, based
on linguistic expressions, are better expressed with fuzzy
numbers.
The most important output from risk assessment is the
capacity to provide the basis of a decision-making pro-
cess. The results of such decisions should be presented to
the environmental managers and public in plain lan-
guage and in line with the way humans think, rather
than as difficult numbers or calculations.
The flexibility of fuzzy logic to express results in a nat-
ural language, in line with human reasoning, together
with the possibility of dealing with uncertainties makes it
highly recommended as a tool for use in communicating
risk. However, the subjectivity involved due to human
judgment can make one think that probabilistic methods,
based on calculations, are more reliable. Such probabi-
listic methods are really effective when the information
and the environmental data are available. However, in
some cases, they can fail to model the environmental
parameters, especially when these do not have really de-
fined boundaries. In this situation, assigning PDFs to the
parameters of the risk equationmay not be the best option
and using fuzzy logic may be better.
A combined approach may therefore be the best
solution to deal with the uncertainties. Treating each
parameter according its nature and information avail-
able could help to obtain a more realistic result for risk
estimation.
In any case, there is no doubt that, for concepts, such
as ‘‘safe’’, ‘‘tolerable’’ and ‘‘severe’’, boundaries are very
hard to define. They are linguistic statements, and it is
not easy to assign numerical values to them. But curi-
ously, we make this kind of judgment every day in our
lives without realizing it – ‘‘Driving fast is very danger-
ous’’ – ‘‘This behavior is intolerable’’ – ‘‘This is safe’’.Acknowledgements
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